The following article is the first in an occasional series introducing new data bases. The series intends to make new development data bases more widely available and to contribute to discussion and further research on economic development issues. The data bases included in the series are selected for their potential usefulness for research and policy analysis on critical issues in developing and transition economies. Some are drawn from micro-level firm or household surveys; others contain country-level data. The authors describe the data contents, criteria for inclusion or exclusion of values, sources, strengths and weaknesses, and any plans for maintenance or updating. Each data base is available from the author, at the address provided in the article. 
Following a long-standing recognition of potentially important relationships between economic growth and inequality, the profession has recently rediscovered the topic, emphasizing, in particular, the potential endogeneity of growth and interactions between the economic and political systems. Earlier discussions, such as the famous Kuznets Hypothesis, were framed mainly in terms of an exogenous growth process and its implications for inequality. In contrast, the recent literature has focused on the potential effects of inequality on growth in a wide variety of circumstances. Although attention has focused on both political and economic explanations for such a relationship, the underlying processes are still imperfectly understood. Indeed, theoretical models arrive at widely different conclusions, depending on the underlying assumptions. Which of these assumptions is more accurate is an empirical question that can only be decided by confronting the hypotheses emerging from such models with actual data.
Empirical work using cross-country data to draw inferences regarding the relationship between growth and inequality has a long tradition and has led to a number of fruitful (or controversial) hypotheses, including Kuznets's conjecture that inequality would increase with rising incomes at early stages of development and decrease at higher levels of per capita income. The lack of time series that are sufficiently long has prevented appropriate testing of these hypotheses. Furthermore, problems in the quality of data and the fact that existing measures are often based on different definitions hamper comparability between countries-and often even within the same country over time-thus affecting empirical results in unpredictable ways. These concerns become more important as the complexity of theories about inequality and growth increases beyond the often simplistic mechanisms that characterized early models.
The main purpose of this article is to present a new data set on inequality and to discuss the procedures followed in putting it together as well as the remaining limitations. In section I we discuss our choice of the Gini coefficient, supplemented by income shares by quintiles, as the relevant distributional measure and set forth the criteria we applied in selecting data. In section II we describe the new data set and compare its coverage to existing compilations of data related to inequality. Compared with earlier data sets, our data represent a significant expansion in coverage and a substantial improvement in quality. That said, variation in the definition of the variables used to measure inequality-gross income or net income, income or expenditure, data per capita or data per household-can seriously affect the magnitude of the indicators of inequality and undermine the international and intertemporal comparability of the data. We therefore discuss how to deal with the problem of comparability in order to ensure the robustness of empirical analyses.
Section III turns from a description of how the data set was put together to an illustrative analysis of what it can tell us. Using both the Gini coefficient and share data, the data set describes regional and intertemporal differences in inequality, highlighting the familiar fact that inequality in Latin America is considerably higher than in the rest of the world. It also looks at the contemporaneous relationship between growth, inequality, and poverty. For the ninety-five growth spells for which we have information on income shares, we find no systematic link between growth and inequality, but we do find a strong positive relationship between growth and poverty reduction. In particular, growth benefits the poor in the vast majority (87.5 percent) of cases, whereas economic decline quite often hurts the poor disproportionately (in five out of seven cases). These findings illustrate the value of combining aggregate measures of inequality and information on income shares.
I. METHODOLOGICAL ISSUES
In assembling a data set on inequality, the distributional measure has to be chosen by weighing advantages and disadvantages. In addition, criteria have to be established to ensure that the data used do indeed measure the variable of interest with minimal error. Also, it is necessary to identify sources of residual variation remaining in the data-in this case differences in the definition of the variable being measured-and to assess the likely implications of such variation.
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Measures of Inequality
This section does not attempt to substitute for a detailed discussion of different measures of inequality. Jenkins (1991) provides an overview and a more detailed discussion of these measures as well as a review of the literature. Our main purpose here is to justify our choice of variable-the Gini coefficient complemented by income shares of population quintiles wherever possible-as a way to combine maximum coverage of countries and time periods with an acceptable level of quality.
A popular representation of income inequality, the Gini coefficient is based on the Lorenz curve, which plots the share of population against the share of income received. We chose the Gini index as the indicator of inequality because it is widely reported in official sources that are based on primary data and because studies that included several measures, such as Anand and Kanbur (1993) , found aggregate results to be similar for different measures of inequality.
One disadvantage of any aggregate measure of inequality such as the Gini index is that there is no unique mapping between changes in the index and the underlying income distribution; redistribution from the top to the middle class may be associated with the same change in the aggregate indicator as an increase in the share of income received by the bottom quintile at the expense of the middle class. To overcome this shortcoming, and to uncover possible movements in the income received by individual groups in society that could be obscured by the use of an aggregate measure such as the Gini index, we report information on income shares by quintile wherever possible. When our sources contained information on income shares that did not directly correspond to quintiles or when income shares but no Gini coefficients were reported, we used POVCAL, a statistical routine developed by Chen, Datt, and Ravallion (1995) to compute quintile shares or Gini coefficients, or both, based on the estimation of a parametric Lorenz curve. The POVCAL procedure fits a parametric Lorenz curve (general quadratic or beta) through the available distributional data. Where the estimated curve is valid, we use it to approximate the income shares obtained by different quintiles. To avoid making spurious inferences, we decided not to include cases in which the Lorenz curve thus estimated would have to be based on information for less than five income groups or cases in which there were obvious gaps in coverage. This procedure can be justified by noting that for a number of cases for which primary data were available, POVCAL produced estimates that were very close to the real distribution, even if based only on partial information.
Standards for Quality
Although a large number of earlier studies on inequality have amassed substantial data on inequality, the information included is often of dubious quality. Establishing a data set that allows cross-country comparison requires that minimum standards for quality be adopted. Slightly increasing the standards adopted at Wuhan University Library on September 11, 2011 wber.oxfordjournals.org Downloaded from in the earlier literature (Fields 1989a) , we require that observations be based on household surveys, on comprehensive coverage of the population, and on comprehensive coverage of income sources. In the following subsections we briefly discuss each of these requirements and their potential implications for measuring inequality. We also discuss the consequences of excluding specific observations reported in the literature. Different applications may call for different selection criteria, a concern that we hope to satisfy by making available all of the data reviewed.
HOUSEHOLD OR INDIVIDUAL AS UNIT OF OBSERVATION. We require that data on inequality be based on actual observation of individual units drawn from household surveys; we do not use data based on information from national accounts and some assumption regarding a general functional form according to which different types of income are distributed. The latter approach to measuring inequality relies on strong hypotheses about patterns of inequality across countries or over time that cannot be tested if such information is included in the data set. It is difficult to assess the error associated with such procedures because these procedures are normally used only when household surveys are unavailable, which means that a household-based control that would indicate the true value of inequality does not exist. Given that the reliability of these measures cannot be established, we exclude them from our data set.
Applying the criterion that the unit of observation be either the household or the individual, we exclude a number of studies such as Adelman and Morris (1973) and Van Ginneken and Park (1984) . These studies have generated synthetic estimates of inequality from national accounts and assumptions on the functional form of the distribution of income taken from other countries "at the same level of development," from a social accounting matrix (SAM), or from extrapolation of the distribution of income observed in small surveys originating within the same country (Cromwell 1977 for Guatemala and Altimir 1986 for Argentina).
COMPREHENSIVE COVERAGE OF THE POPULATION. Use of a nonrepresentative subset of the population can easily result in biased estimates. Therefore, we require that data on inequality, even if drawn from household surveys, be based on a representative sample covering all of the population. Empirically, the most frequent deviations from this principle are surveys that cover only economically active individuals, wage earners, or taxpayers, or that cover only rural or urban dwellers.
Differences between Gini coefficients based on a subset of the population and those based on a nationally representative sample can be substantial. In Peru the expenditure-based Gini coefficient for metropolitan Lima in 1985 was 32, which was 10 points lower than the index obtained from'a nationally representative sample (Government of Peru 1991). In South Africa, exat Wuhan University Library on September 11, 2011 wber.oxfordjournals.org Downloaded from trapolation from detailed information only on whites resulted in an aggregate Gini index for 1987 of 48, 14 points below the one measured in a nationally representative household survey in 1993 (Lachman and Bercuson 1992; World Bank 1995) .
Some analysts justify the use of observations from surveys that covered only a subset of the population by noting that it would be straightforward to determine the sign of the bias and, implicitly, that such a bias would be constant over time. For example, inequality among wage earners or the economically active population is generally higher than inequality among households that may contain more than one wage-earning member. Similarly, the observation that the distribution of income is more egalitarian in rural than in urban areas is the stylized fact at the heart of the Kuznets Hypothesis (Kuznets 1955; Anand and Kanbur 1993) . Using observations from our data set, we can show that these generalizations are often violated. For example, in several countries, such as Cote d'lvoire (Kozel 1990) , Jordan (Haddad 1990) , Tanzania (Ferreira 1994) , Poland (Milanovic 1995) , Sierra Leone (Kansal 1982) , and, most strikingly, China (Chai and Chai 1994) , contrary to conventional wisdom, rural incomes are distributed more unequally than urban ones.
There is not much theoretical or empirical justification to conclude that the difference between measures of inequality for various subgroups of the population will remain the same even within any given country (let alone across countries) because the underlying structural parameters change over time. The relationship between urban and rural inequality within the same country is far from static, as shown, for example, for India (Datt 1995) and Indonesia (Government of Indonesia, various issues). Therefore, it is not valid to draw inferences about national inequality from information on inequality within a subgroup of the population.
To avoid such errors, we discarded a large number of observations from Latin American countries-Argentina, Bolivia, Colombia, Ecuador, El Salvador, Paraguay, and Uruguay-where many household surveys have been limited to metropolitan or urban areas (Psacharopoulos and others 1992; Melgar 1989; Fishlow, Fiszbein, and Ramos 1993) . Other countries for which we made a significant reduction in the number of included observations are Japan (Mizoguchi 1985) , Israel (official surveys exclude the rural population), and Malawi and Madagascar (Pryor 1990 diture of the lowest decile, leading to considerable differences between a measure of income inequality based on full, compared with only monetary, expenditure (Government of Greece, various issues). We are aware that measuring nonmonetary income appropriately is difficult and that inflated figures concerning this component of income (in particular the imputed value of owned housing) can conjure up an image of a more egalitarian distribution of income than is actually the case. Given constraints on our resources, we were not able to pursue this issue further.
Second, measures of inequality reported in the literature are often based solely on wage income, thereby excluding nonwage earnings-pensions, for example, and income from self-employment. The reason is that the information underlying these studies has often been drawn from tax records, the population coverage of which differs widely (depending primarily on tax laws) and is generally far from comprehensive. Measuring inequality solely on the basis of wage income would have a quantitatively significant effect on measured levels of inequality, especially if individuals with no wage earnings are included. Calculation of inequality measures from household-level data in the Luxembourg Income Study (see Atkinson, Rainwater, and Smeeding 1995) indicates that Gini coefficients based on wage earnings (including households with no wage earnings) are 10 to 15 points higher than coefficients based on gross income. This general order of magnitude is confirmed by observations from the secondary literature, both for industrial and for developing countries. For example, using wage income to assess inequality in Sweden in 1976 resulted in a Gini index of 43.6, compared with one of 28.1 based on nationally representative data (see our data set).
Although restricting attention to certain subsets of the population will undoubtedly have a dramatic effect on measured levels of inequality, its impact on changes cannot be neglected either. An exogenous shock that leads to layoffs of workers would, for example, affect overall inequality between households in the population but could leave inequality among wage earners unaffected, in which case use of the latter would give a very distorted picture.
The principle of comprehensive coverage obliged us to exclude relatively long time series on inequality in Greece (Lianos and Prodomidis 1974) , Morocco (Bourguignon and Morrisson 1989) , New Zealand (Easton 1983) , and Sweden (Spant 1980) . Similarly, observations for Nigeria that include only cash income (Owosekun and Otigba 1976) were excluded.
The paucity of observations available to study distributional issues causes each individual data point generally to acquire considerable importance. For each of the three issues discussed earlier-the unit of observation, comprehensive coverage of the population, and comprehensive measurement of income or expenditure-we can find examples that illustrate that the conclusions of earlier studies may have been affected by data of inferior quality. The combination of data based on national account estimates for early periat Wuhan University Library on September 11, 2011 wber.oxfordjournals.org Downloaded from ods with information based on household surveys for later periods can lead to the appearance of large decreases in inequality, as in Kenya (Bigsten 1986 ). Comparison of inequality estimates from rural areas for 1953-64 with nationally representative data for later years gives rise to the appearance of a segment of initially increasing inequality along the Kuznets curve in the Republic of Korea (Kwack 1990) . Using data that cover only a truncated subset of the population, such as wage earners-or, as we shall see later, data that are not based on a consistent definition more generally-could lead to virtually any type of growth-inequality pattern, such as a strong Kuznets curve for Malaysia (Meesook 1975) .
II. THE NEW DATA SET
In this section we present the data set assembled using the above principles and compare it with existing compilations of data on inequality. We also highlight problems arising from variation in the definition of the variable used to measure inequality that may affect the intertemporal and international comparability of the inequality estimates contained in our data set. We briefly discuss how to deal with the problem of comparability.
Sources
We assembled the largest possible set of Gini coefficients and other income distribution measures that were reported in the literature and that seemed to have national coverage. Doing so yielded more than 2,600 observations, characterized by great heterogeneity, with Gini coefficient estimates ranging from 12.1 (China 1982) to 79 (Zambia 1970) . These data suffer from two problems. First, the documentation in secondary sources is often very weak or totally absent, thus forcing the reader to make guesses concerning coverage, definitions of income, or units of measurement. Second, a good proportion of Gini coefficients of very doubtful quality continue to be passed down from generation to generation (with each author quoting only the immediate predecessor) without satisfying minimum criteria for quality.
In view of these problems, it was necessary to go back to primary sources wherever possible to be able even to decide on the quality of an observation. In many cases the principles outlined in section I were useful as heuristic tools that allowed us to uncover and explain certain biases and irregularities in the Gini coefficients reported in the literature. Once we had identified a reputable source with the necessary information, we applied the three criteria outlined earlier to decide whether to include the observation in the high-quality data set (that is, the one that meets the three criteria). When more than one observation for the same year and country satisfied the minimum criteria, we used consistency of definition and source as well as origin in an official publication as criteria for inclusion. Given the large variation in data quality and reporting formats, con- The procedures we followed resulted in a data set of 682 observations (for 108 countries), of which about 65 percent are based on primary sources such as national statistical agencies (50 percent) or compilations of such results by reputable international agencies (15 percent). The remaining 35 percent of the data are based on primary sources that have been quoted by a reliable secondary source. Table 1 provides summary statistics by region and economy-number of observations; mean, minimum, and maximum Gini coefficient; standard deviation; period covered; and the ratio of the top quintile's to the bottom quintile's share of income in cases for which share data are available. Both the highquality data set with the respective definitions and the original, large data set with the reasons for rejecting certain observations are available from the Bank's Web server.
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Decisions concerning the inclusion or exclusion of certain observations are always based on some judgment and arbitrariness. Although we have attempted to be as objective as possible, we have undoubtedly either missed or misinterpreted a piece of available information in some cases. We hope that making available all the original data reviewed will allow interested readers to correct those lapses or to adapt the data to suit their more specific needs.
Coverage and Comparison with Existing Data Sets
We highlight some of the features of our data set by comparing it with the compilations by Jain (1975) , Paukert (1973) , and Fields (1989b) , which have in various combinations been used by the existing literature on inequality and growth.
3 Such a comparison demonstrates three points. First, when the three criteria for quality are applied consistently to all the data sets, it is apparent that our data set contains a substantially larger number of high-quality observations than any of the others (see table 2, rows 1 and 2). With 682 high-quality observations, the new data set has nine times as many observations as the largest of the other data sets. Second, the new data set has a much greater coverage of economies-three times as many as the next largest data set (see table 2, row 3). Third, and perhaps most important for the study of the relationship between inequality and growth through time, our data set provides a more reliable basis 1. The empirically most relevant case is that countries often report the share of households in different income groups. If income is in nominal terms, if the class boundaries stay constant over time, and if no average income (or expenditure) for individual groups is reported, the simple fact that there are fewer and fewer households in the lower brackets would give rise to the illusion of a decrease in inequality over time. We encountered this phenomenon for the Philippines (for which we switched to decile shares as a consequence), for Tunisia (for which we decided not to report shares but only the Gini coefficient provided in the government's statistical yearbook), and for Sweden. In the last case, adding the mean for the respective income groups (which is available in the government's statistical yearbook) changed the Gini coefficient by up to 4-5 points. We have tried to avoid using such data wherever possible.
2. The address is http://www.worldbank.org/html/prdmg/grwthweb/growth_t.htm 3. Trie data set by Paukert forms the basis for the data set in Lecaillon and others (1984) . for time-series analysis (see table 2, rows 4 and 5). Compared with an average of about two high-quality observations for each country in Fields and Jain, our data set contains an average of more than six high-quality observations for each country. It contains fifty-eight countries with four or more high-quality observations compared with only ten such countries in the next largest data set. Although we had to discard a number of observations from early periods because of their quality, expanded coverage in more recent periods has more than compensated for them.
Examination of the quality of the data suggests that a large number of data points used to substantiate the negative relationship between initial income inequality and subsequent growth in the literature may be of doubtful quality (Persson and Tabellini 1995; Alesina and Rodrik 1994) . For example, the Persson and Tabellini data set, based on Paukert (1973) , includes several countries (Burma, Chad, Cyprus, Benin, Iraq, and Lebanon) for which we were unable to locate data of acceptable quality. In addition, one-third of Persson and Tabellini's Gini coefficients differ by 5 or more points from the closest acceptable observation, and only eighteen of their fifty-five observations satisfy the criteria for quality indicated above. Although the data used by Alesina and Rodrik-at least the part based on Fields (1989b) -are of much higher quality, their data set still contains fourteen observations that differ by more than 5 points from the closest comparable value available in our data set. The negative relationship between income inequality and growth evaporates if, for example, we attempt to rerun the regressions by Persson and Tabellini using only the eighteen (out of fifty-five) high-quality observations contained in their sample.
The large number of observations in our data set enables us to better account for the time-series dimension of the data. This is important because making inferences on longitudinal relationships such as the Kuznets Hypothesis from cross-sectional data is questionable (Fields and Jakubson 1994; Ravallion and Chen 1995) . Indeed, our data provide little support for an inverted-U relationship between levels of income and inequality when tested on a country-bycountry basis, with no support for the existence of a Kuznets curve in about 90 percent of the countries investigated.
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Variation in the Definition of Variables
Even if indexes of inequality satisfy the criteria for quality outlined above, the indexes may not be fully comparable over time or across countries because of differences in how variables are defined. Here we explore the quantitative importance of differences in definition and discuss the pros and cons of options to increase intertemporal and interspatial comparability of data that are based on different definitions. The three main differences in definition we deal with are choice of the recipient unit, use of gross income or net income, and use of expenditure or income.
How a variable is defined is important for two reasons. First, if inequality changes only slowly over time and if different measurement concepts are in some cases associated with comparatively large jumps in Gini coefficients, the variation caused by changes related to definition could well account for most of the variation that is subsequently "explained" by conventional regression analysis. Basing measures of inequality within countries on identical measurement concepts would be crucial to reducing the potential for such error. Second, definitional issues might affect international comparisons of inequality, especially if the method of measurement varies systematically between different types of countries. One obvious source of such bias would be that more recent data on inequality, particularly for developing countries, are often measured in terms of expenditure rather than income, which would decrease measured Gini coefficients, other things being equal. 4 To avoid spurious correlations in both respects, researchers must seek ways to increase the comparability of inequality measures across time or countries.
RECIPIENT UNIT: THE HOUSEHOLD OR THE INDIVIDUAL? The distinction between households and individuals is important if there are systematic differences in 4. The countries for which the majority of Gini indexes in our data set are based on expenditure information are Algeria, Bolivia, Botswana, Cameroon, the Central African Republic, Cote d'lvoire, Ecuador, the Arab Republic of Egypt, Estonia, Ghana, Greece, Guinea-Bissau, India, Indonesia, the Islamic Republic of Iran, Jamaica, Jordan, Kenya, Lao PDR, Lesotho, Madagascar, Mauritania, Mauritius, Morocco, Nicaragua, Niger, Nigeria, Pakistan, Peru, Portugal, Rwanda, Senegal, Spain, Sri Lanka, Tanzania, Tunisia, Uganda, Vietnam, and Zimbabwe. size between rich and poor households. If, for example, the number of individuals per household is much higher in poor than in rich families, use of householdbased data would result in a lower measure of inequality than measurement on a per capita basis. If, however, the difference is primarily caused by the number of children, simply dividing total household income by the number of people may in turn result in an overestimation of inequality. An adjustment based on adult-equivalents, rather than the number of individuals in the household, would be appropriate. Because multiperson households usually have greater possibilities for making intertemporal or interpersonal adjustments in labor supply and spending patterns than individuals do, systematic differences in household sizes may affect measured inequality in other ways as well. Our data confirm that using the distribution of income across households rather than persons as the basis for the Gini index results in a slightly lower value of the index. In sixty-seven cases (included in the original data set) in which information on both households and individuals is available from reasonably reputable sources, the mean difference between person-based and household-based Gini coefficients is 1.69, with the household-based Gini indeed being lower in fifty of the sixty-seven cases. Given that the difference is not too large, we conclude that there is no reason to expect a large systematic bias in empirical work as a result of using both household-based and individual-based Gini coefficients. 5 We have therefore accepted measures of inequality based on either definition. INCOME: GROSS OR NET OF TAXES? If, as in most industrial countries, taxation redistributes resources from the rich to the poor, use of gross income should yield higher measured inequality than use of net income. For Sweden (1981) , for example, use of gross income yields a Gini coefficient that is about 5 points higher (39 compared with 34) than the Gini coefficient based on net income (the government's statistical yearbook). In a sample of nineteen pairs of Gini coefficients computed using Luxembourg Income Study (us) data, those based on net income were on average 3 points lower than those based on gross income, a difference that varied between 1.87 and 5.66. However, the LIS sample includes only one developing country (Mexico). Thus, although the distinction between gross income and net income may affect the level of measured inequality in a cross-country sample, the quantitative importance of this effect will depend on the progressivity and effectiveness of the tax system and might therefore be of less relevance for developing countries to the degree that the role of redistributive taxation is smaller in these countries.
VARIABLE MEASURED: INCOME OR EXPENDITURE? It is usually much easier for individuals to accumulate assets and savings to smooth consumption, that is, 5. This conclusion is supported by Coulter, Cowell, and Jenkins (1992) and Jenkins and Cowell (1994) , who demonstrate that, for parametric variation of the equivalence scale between households and individuals, the Gini moves in a U-shaped fashion, with the difference between household-and per capitabased data not being too large.
at Wuhan University Library on September 11, 2011 wber.oxfordjournals.org Downloaded from expenditure, than to buy insurance against sickness or unemployment to smooth income. The greater variability of income resulting from this fact may be augmented by fluctuations in income (but not expenditure) associated with voluntary unemployment or by underreporting. Therefore, in a cross-section of individuals, using income as the measure would generally be expected to result in a higher degree of measured inequality than using expenditure. The tendency toward this result might be reinforced by the fart that expenditure is, by definition, based on net income, which, because of the progressivity of the tax system, tends to be more equally distributed than gross income.
Indeed, our data suggest a significant and systematic difference between income-based and expenditure-based coefficients. For the forty-seven observations of acceptable quality included in our data, the mean difference between expenditure-based Gini coefficients and those based on gross income is 6.6, ranging from -3 (for Bangladesh in 1973, the only negative value in the sample) to 20 (for Tanzania in 1969). It seems that some of the large intertemporal changes in our high-quality Gini indexes might be caused by shifts in definition rather than real changes in inequality. For example, in Peru, a 13-point drop in the Gini index between 1971 and 1986 can at least partly be explained by the change from income to expenditure as the relevant measurement concept. A similar situation arises with Jamaica, which had a 10-point drop in the Gini index between 1958 and 1971.
Ensuring Intertemporal and International Comparability
Given the important quantitative effects of definitional differences in the variables on which measures of inequality are based, it is important to account for such differences in any empirical application. Within any given country this is not too difficult, implying that one of the major advantages of our data set is that it permits a consistent assessment of intertemporal changes in inequality within countries. Because most countries change the methodology of their household surveys very infrequently, it is possible to obtain a consistently defined series within countries by eliminating only 10 observations from the original high-quality data set of 682 observations. 6 Therefore, we can look at changes in the Gini coefficient as well as in the shares and real income received by different quintiles within countries.
Methodologically, the most justifiable way to ensure cross-country comparability of inequality measures is to use only measures that are defined consistently. The quantitatively most important distinction arises from the difference between Gini coefficients that are based on information on income and those based on information on expenditures. Unfortunately, accounting for this difference would result in a considerably reduced sample-only 69 out of the original 108 countries or 546 income-based, compared with 682 total, observations (see table 4 ). Finding an appropriate way of adjusting observations to a com- mon denominator would greatly increase the potential for making crosscountry inferences.
We have seen above that, for identical surveys, the mean difference between income-based and expenditure-based Gini coefficients is about 6.6. This difference suggests that conclusions from a cross-country sample of Gini coefficients that includes both types of data may be misleading. One way of avoiding the exclusion of the thirty-nine countries for which Gini coefficients are based on expenditures would be to add the difference of 6.6 between expenditure-based and income-based coefficients to the 136 expenditure-based Gini coefficients in the sample. Such an adjustment would be supported by the fact that the difference between income-and expenditure-based Gini coefficients for the fortyseven available observations does not seem to follow any distinguishable pattern except for narrowing over time. Thus, the difference is not significantly correlated at the 5 percent level with levels of per capita income, continent dummies, or the average level of the Gini in the country, but it is correlated negatively (with a correlation of 0.47) with time. Given the importance of definitional differences, researchers should then explore the robustness of results that rely on cross-national comparisons to changes in definitions. In particular, it would be prudent to examine whether such results hold for (a) the raw data, (b) data that have been adjusted for differences between expenditure-based and income-based coefficients, and (c) data consistently based on a common definition.
A similar problem of cross-country comparability emerges for income shares and, in principle, should be handled in the same way. Thus, the robustness of any empirical results using the raw data should be checked against a sample of observations based on consistently defined income shares. Unfortunately, the number of observations in our sample for which share data on both income and expenditure are available is limited, making it difficult to arrive at any reasonable adjustment. Here we simply report the differences for the fifteen observations for which such information is available. We find that expenditure-based share data are on average 1.2 percentage points higher than income-based share data for the bottom two quintiles, close to 0 percentage points higher for the middle class (third and fourth quintiles), and 1.3 percentage points lower for the top quintile. The difference between expenditure-based and income-based share Note: Values are the number of observations in the data set that are Gini coefficients based on information on income and those based on information on expenditures. The sample includes 108 economies.
Source: Authors' calculations based on various sources as described in the text.
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III. SOME DESCRIPTIVE EVIDENCE Our data set can be used to revisit many of the relationships among growth, inequality, and poverty that have been studied in the literature. We undertake such an analysis in a separate paper (Deininger and Squire 1996) . Here we use our data set to illustrate intertemporal and interregional differences in inequality and to provide an exploratory descriptive assessment of the relationship between growth, inequality, and poverty defined on the basis of income received by the bottom quintile. We highlight, among other points, how share data can usefully complement the one-dimensional Gini index of income inequality. We also explore the relationship between aggregate growth and changes in real income received by different quintile groups in the population. A similar exercise has been undertaken by Ravallion and Chen (1995) , who focus on poverty defined as percentage of the population receiving less than a certain percentage of the mean. Ravallion and Chen concentrate on growth spells observed during the 1980s for forty-two developing countries. Given the large number of observations from Eastern European countries included, together with the relatively atypical performance of this group during the period concerned, the results of the study depend heavily on sample composition but, in general, do not contradict the findings reported here.
Regional Differences in Inequality
Decadal averages of inequality indexes across regions are presented in table 5. The regional averages are unweighted means of country averages during the period under concern. We have used raw data (that is, unadjusted data) and note that the composition of each regional sample can change over the four decades. The measures are relatively stable through time, but they differ substantially across regions, a result that emerges for individual countries as well (Li, Squire, and Zou 1996) . The average standard deviation within countries (in a sample of countries for which at least four observations are available) is 2.79, compared with a standard deviation for the country-specific means of 9.15. We distinguish between three groups of regions, with considerable variation of Gini coefficients within regions:
• the fact that most of the coefficients are based on expenditure rather than income may imply that they somewhat understate actual income inequality.
• East Asia and South Asia. East Asia and South Asia are characterized by average Gini coefficients in the middle to upper 30s that range from a high of about 50 in Malaysia and the Philippines to less than 30 in Taiwan (China). Gini coefficients are based on income for all economies except India.
• Industrial and high-income developing countries. Gini coefficients in the low 30s characterize the industrial and high-income developing economies. Although inequality in several industrial countries (including the United Kingdom and the United States) increased during the 1990s, this increase was compensated for by a decrease in inequality in countries such as Canada and Finland and by a relatively constant distribution of income in the Netherlands and Sweden. The historically low levels of Eastern Europe, a region that, with Gini coefficients in the mid-20s, is much more egalitarian than the rest of the world, show a considerable increase in the 1990s. For many of these countries (including the Russian Federation), Gini coefficients now stand in the lower 30s, comparable to those of some of the industrial countries.
Shares of total income received by different quintiles, possibly a more tangible indicator of inequality, are given in table 6. Although the aggregate picture is similar to the one conveyed by Gini coefficients, the share of income received by specific quintiles is not always completely congruent with the Gini coefficient, even at the regional level. For example, despite similar Gini coefficients in both regions, the top and bottom quintiles receive a higher share of total income in South Asia than in industrial countries. Despite a lower Gini coefficient than in Eastern Europe, the middle class in industrial countries receives a greater share and the top quintile a lower share than in Eastern Europe. It has long been known that, in the presence of intersecting Lorenz curves, movements of the Gini coefficient may not accurately indicate changes in the welfare of individual groups in a population. Our data suggest that intersecting Lorenz curves are indeed observed in most cases (55 percent of the countries). This observation would imply that, within countries, there may be considerable changes in the income shares received by individual quintile groups of the population, despite the apparent stability of the Gini coefficient. By contrast, large differences in the Gini coefficient across countries need not necessarily be accompanied by an equally large variation in the shares of individual income groups.
Within countries, we do indeed find that changes in the aggregate Gini index and changes in the income shares of individual income groups are not very highly correlated, especially for the subsample of countries with intersecting Lorenz curves. Simple correlation coefficients for this subsample range from -0.3 for Changes of similar magnitude in the income share of any given quintile could be associated with quite significantly different changes in the aggregate Gini coefficient. To illustrate, we compare two cases in which the share of the bottom quintile declined by about 4 percentage points. In Indonesia the decline occurred between 1978 and 1980 and was accompanied by a significant increase in the shares of the second to fourth quintiles and a decrease in the share of the top quintile, resulting in a net decrease of the Gini coefficient by about 3 points. In Hong Kong, a similar decline occurred between 1986 and 1991, but in this case the shares of both the third and the fourth quintiles increased, resulting in an increase in the Gini coefficient of 1.4 points.
Across countries, the intersection of Lorenz curves in pairwise comparisons is a frequent occurrence. As a consequence, large differences in Gini coefficients can be associated with income shares for individual population groups that are remarkably similar. Countries in which Gini coefficients differ by as much as 10 or more points may have almost identical shares of income for the bottom quintile. For example, the Gini coefficient in Korea in 1985 was 35.5, compared with 50 in Colombia in 1970. The bottom quintile received almost 7 percent of total income in both cases.
We conclude that, because Lorenz curves are observed to cross frequently, Gini coefficients and income shares can usefully complement each other in many types of analysis. To account for this we have included the ratio of incomes received by the top and bottom quintiles in table 1 and refer the reader to the data diskette for more details.
Growth, Inequality, and Poverty
The question of whether, or under what conditions, growth is associated with changes in inequality has intrigued economists for a long time. For all but a few countries for which long-enough time series have been available, for example, India, a satisfactory treatment of this issue has been precluded by a lack of sufficient country-level data and the fact that cross-sectional studies might pick up unobservable country-specific effects. Our data can be used to eliminate timeinvariant country effects and to investigate the relationship between growth rates of aggregate income and inequality as measured by the Gini index. In addition, we can use the information on changes in individual quintiles' shares of total income together with information on aggregate growth to investigate changes in the real income received by different quintile groups and in particular the bottom 20 percent in the population. Real income is obtained by multi- Note: "Improved" in the income distribution implies a decrease of the Gini coefficient; "worsened" implies an increase. The sample includes ninety-five economies, a. The income of the lowest quintile. Source: Authors' calculations based on various sources as described in the text.
plying the share of each quintile with real national per capita income (purchasing-power parity estimates, obtained from the Summers-Heston 1991 data set).
Here we provide a descriptive analysis of these relationships. We focus on the relation between changes in overall income and inequality during decadal growth episodes that are defined by the availability of distributional data that span at least one decade. The results illustrate two points (see table 7 ). First, there appears to be little systematic relationship between growth and changes in aggregate inequality. Periods of aggregate growth were associated with an increase in inequality almost as often (forty-three cases) as with a decrease in inequality (forty-five cases). Similarly, periods of economic decline were associated with increased inequality in five cases and with a more equitable distribution of income in two cases. The simple correlation between contemporaneous as well as lagged income growth and the change in the Gini coefficient is insignificant for the whole sample as well as for subsamples defined in terms of country characteristics (rich or poor, equal or unequal, fast-growing or slow-growing economies), suggesting no strong relationship between growth and changes in aggregate inequality.
The main reason for the lack of relationship appears to be that, whether average incomes are increasing or declining, changes in the Gini coefficient of inequality tend to be small (see Li, Squire, and Zou 1996) . Thus, the average annual percentage change in the Gini coefficients in our sample was only 0.28 points, compared with an average growth rate in per capita income of 2.16 percent. Some examples illustrate the quantitative significance of this point. In Taiwan (China), real income per capita increased fivefold, from US$1,540 in 1964 to US$8,063 in 1990, whereas the Gini index barely changed, declining from 32.2 to 30.1. Similar outcomes can be observed in other economies: In the United States, real income increased from US$8,772 in 1950 to US$17,594 in 1991, yet the Gini index changed hardly at all, moving from 36.0 to 37.9. Brazil saw real income increase from US$1,784 in 1960 to US$4,271 in 1989 while the Gini index moved from 53.0 to 59.6. Even where inequality changed considerably, as in Thailand, where the Gini index moved from 41.3 in 1962 to 51.5 in 1991, the change in the index seems small compared with the fourfold increase in real income. This lack of change suggests that efforts to find systematic links between inequality and aggregate growth may have to be rethought (see Deininger and Squire 1996) .
Downloaded from
The second point is that changes in the absolute income received by different quintiles reveal additional information that is not captured in our aggregate measure of inequality. In particular, although we do not find significant correlations between aggregate growth and changes in inequality, there is a strong correlation between aggregate growth and changes in the income of all quintiles except the top one. Changes in absolute income enable us to investigate to what degree growth would be impoverishing, that is, to what degree increases in mean income would be associated with a fall in the income of the poor. We find that for most of the growth episodes in our sample, growth of average income, even if accompanied by increases in inequality, led to an increase in incomes for the members of the lowest quintile (see table 7 ). Aggregate growth was associated with an increase in the incomes of the poorest quintile in more than 85 percent of the ninety-one cases.
Nonconforming growth episodes are ones in which either the economy grew and the income of the poor decreased or the economy declined and the poor benefited. A case-by-case review of the thirteen nonconforming growth episodes confirms the strong association between aggregate growth and improvements in income for all groups of the population. In nine of the thirteen cases, the association can be shown to be caused by the use of ten-year growth spells; the association disappears when longer periods are considered. In three of the remaining four cases, aggregate growth was low-below 2 percentage points. This leaves only one case, Colombia from 1970 to 1980, where a growth rate of slightly more than 2 percent was associated with a slight decrease (0.9 percent) in the income of the poor. Thus, there is not a very strong basis on which to question the generally positive association between growth and the welfare of the bottom quintile.
To sum up, our data suggest no systematic relationship between growth of aggregate income and changes in inequality as measured by the Gini coefficient. The data do, however, suggest that a mere focus on distribution that neglects the large cross-country differences in overall growth may lead to flawed conclusions. Especially because changes in inequality tend to be relatively modest, we find a strong link between overall growth and a reduction in poverty. This link supports the hypothesis that economic growth benefits the poor in the large majority of cases, whereas economic decline generally hurts the poor.
IV. CONCLUSION
This article originated in an attempt to provide a data set on inequality that could narrow the gap between the far-reaching implications of the theoretical literature on inequality and the much more limited empirical evidence available to actually support and test such theories. To that end, we have expanded the available information on inequality. In our view, we have been more successful in improving the within-country, time-series dimension of the data, a significant improvement given that the evolution of inequality is inherently an intertemporal at Wuhan University Library on September 11, 2011 wber.oxfordjournals.org Downloaded from issue. At the same time, we have identified a number of factors that are likely to affect cross-country research. We therefore caution researchers who use these data to interpret results carefully in light of the issues discussed here, to subject them to sensitivity analysis and tests for robustness, and to complement analysis based on summary statistics (such as the Gini coefficient) with data on income shares.
